1. Introduction {#s0005}
===============

The outbreak of coronavirus-2019 (COVID-19), which the World Health Organization (WHO) labeled a "pandemic," has spread rapidly worldwide \[[@bb0005]\]. By the end of June, COVID-19 had spread to more than 200 countries and regions, and the number of confirmed cases worldwide exceeded 10 million, with nearly 200,000 deaths, according to statistics from Johnson Hopkins University (<https://coronavirus.jhu.edu/>). Even so, the number of cases, deaths, and affected countries is still increasing. The overall death rate of patients with COVID-19 is about 5%; however, this rises to more than 25% for critically ill patients \[[@bb0010]\]. The risk of death has usually been evaluated based on laboratory indexes \[[@bb0015], [@bb0020], [@bb0025]\]. Identification of reliable biomarkers associated with laboratory indexes may help clinicians assess risk and develop strategies for the prevention of early mortality in critical patients.

Recently, there have been many studies on the clinical course, outcomes, mortality, and risk factors of critically ill patients with COVID-19. For example, Zhou et al. \[[@bb0020]\] found that older age, higher sequential organ failure assessment score, and d-dimer greater than 1 μg/L at admission were associated with an increased probability of death. Yang et al. \[[@bb0030]\] demonstrated that the survival term of non-survivors is likely to be within 1--2 weeks after intensive care unit (ICU) admission and the older patients (\>65 years) with comorbidities and ARDS are at increased risk of death. Older patients\' conditions on admission such as dyspnea, lymphocytopenia, cardiovascular disease and chronic obstructive pulmonary disease (COPD), and the occurrence of acute respiratory distress syndrome (ARDS) during hospitalization were predictive of fatal outcomes \[[@bb0035]\]. Although these retrospective observations or cohort studies indicated the clinical courses and risk factors of severe patients via exploratory and descriptive methods, few studies have described the association between case fatality and clinical indexes while adjusting for the false discovery rates (FDR).In addition, each patient\'s response to the virus is different, with considerable individual differences, for example, C-reactive protein (CRP) concentrations increase with age, possibly due to subclinical conditions. Therefore, when seeking objective and general indicators, we should also consider each individual\'s confounding factors that are likely to influence the results of any analysis \[[@bb0040]\]. Moreover, many indexes might have a skewed distribution with outliers, for which the application of descriptive statistical methods might be limited, and robust methods are needed to precisely determine and quantify the quantify risk factors of fatality.

Quantile regression is a robust method for addressing outliers and heteroscedasticity in response measurements, and it can estimate the conditional quantiles of the response variable to capture more information about data. Different measures of central tendency and statistical dispersion can be useful to obtain a more comprehensive analysis of the relationship between variables \[[@bb0045]\].

The current study aimed to solve two important problems, as follows: (1) identification of differences in laboratory indicators between survivors and non-survivors in critically ill patients with COVID-19 using robust statistical methods; (2) determination of risk indicators for in-hospital death and prediction of the probability of death via risk indicators. Specifically, we built a quantile regression of laboratory indexes and outcomes (survival or death) together with some other co-variables to identify discrepant indicators. Then, we conducted post hoc logistic regressions to calculate the risk of fatality associated with abnormal index values. Findings from this study might help clinicians better understand this disease and reduce mortality.

2. Method {#s0010}
=========

2.1. Study design and participants {#s0015}
----------------------------------

This single-center study was performed at the Dabie Mountain Regional Medical Center (Huanggang City, China), which is a designated hospital for the treatment of patients with COVID-19. We included in our study all adult patients who had been diagnosed with COVID-19 according to the WHO\'s interim guidance, and those who were critically ill, or who died, or who were discharged between January 28, 2020 (when the first patients were admitted), and March 13, 2020. Identification of critically ill patients was achieved by reviewing and analyzing admission logs and histories from all available electronic medical records and patient care resources. The Ethics Commission of Hunan Provincial People\'s Hospital approved this study.

A total of 1500 COVID-19 patients were discharged from or died in the Dabie Mountain Regional Medical Center before March 13, 2020. After excluding 1272 patients who were not critically ill or who were still hospitalized, 6 patients who died within 24 h after admission, and 7 inpatients without available key information in their medical records, there were, in total 215 COVID inpatients who met our inclusion criteria (Fig. S1). Thus, those participating in this study comprised 51 patients who died during hospitalization and 164 who were discharged. Data on all patients, including demographic data, clinical symptoms, underlying diseases, and laboratory indexes were collected on admission. Laboratory indexes included information on routine tests at the time of admission, such as routine blood indexes.

2.2. Data preprocessing {#s0020}
-----------------------

Because not all patients had undergone all the laboratory examinations, we needed to preprocess the raw data. Specifically, subjects missing more than 15% clinical index values were excluded, and indexes missing more than 15% values were discarded. Accordingly, 192 patients (50 non-survivors and 142 survivors) and 30 laboratory indexes were included in the following analysis; see Table S1 for abbreviations of the laboratory indicators. Imputation of the remaining missing values was conducted utilizing multivariate imputation by chained equations (MICE) implemented in the R package "mice" \[[@bb0050]\]. We imputed missing data for CRP (2.11%), procalcitonin (PCT; 2.11%), erythrocyte sedimentation rate (ESR; 4.74%), etc. (Table S1). Furthermore, the outliers are reset as the boundaries of the data. Specifically, the quantiles of 1% and 99% for each continuous variable were calculated, replacing the data less than 1% quantile and more than 99% quantile, respectively (see Fig. S2 for a visual representation).

2.3. Statistical analysis {#s0025}
-------------------------

The normality test and variance homogeneity test showed that laboratory indexes were highly skewed and that there was heteroscedasticity between the two groups (see [Fig. 1](#f0005){ref-type="fig"} for a visual sense) \[[@bb0055],[@bb0060]\]. It therefore would be inappropriate to use ordinary linear regression (mean regression) to identify the indicators between the two groups in this analysis. Quantile regression is a robust statistical method to capture more information about our data and work well when the data have outliers as the median is much less affected by extreme values than the mean (0.5 quantile). Therefore, quantile regression was used to identify the different laboratory indicators between the non-survival (=0) group and survival group (=1). Specifically, we built the models as follows:$$Q_{\tau}\left( \mathit{index} \right) = \beta_{0}\left( \tau \right) + \beta_{1}\left( \tau \right) \ast \mathit{Group} + \beta_{2}\left( \tau \right) \ast \mathit{covar}_{1} + \cdots + \beta_{p + 1}\left( \tau \right) \ast \mathit{covar}_{p}$$where quantiles τ = 0.1, 0.3, 0.5, 0.7, and 0.9, covariables included age, sex, duration (time from illness onset to admission) and various baseline diseases. To better compare the beta weights for each predictor, we used the z-transformation for continuous independent and dependent variables before modeling. FDR correction was used separately for 30 indicators at each quantile (150 comparisons). In addition, a nonparametric analog of Cohen\'s d, quantile shift (QS) effect size, was computed for laboratory indicators that differed between the two groups to further quantify the importance of, and the difference between indicators \[[@bb0065]\]. Under normality and homoscedasticity, Cohen\'s d = 0, 0.2, 0.5, and 0.8 correspond approximately to QS effects of 0.5, 0.55, 0.65, and 0.7, respectively \[[@bb0065]\]. For a more detailed description of the statistical methods, see Supplementary Materials. All statistical analyses in this study were implemented in R (version: 3.6.3).Fig. 1Kernel density plot of 30 laboratory indexes between the two groups. Each subgraph presented a separate laboratory indicator. Non-survivors were represented in Red; survivors were represented in Blue. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)Fig. 1

2.4. Post-hoc analysis {#s0030}
----------------------

In this section, logistic regression was used to 1) calculate the odds ratio, and 2) predict the probability of death.

Binary logistic regression was performed to quantify the risk of laboratory indicators contributing to fatality. Firstly, to avoid the effects of outliers, each laboratory index was divided into three subgroups (i.e., "Normal", "High", and "Low") according to their reference range (Table S1). Then, single-index logistic regression models were built to calculate the odds ratio (OR) for fatality. Specifically, the logistic regression was as follows:$$\mathit{Logit}\left\lbrack {P\left( {Y = 1} \right)} \right\rbrack = \beta_{0} + \beta_{1} \ast \mathit{index} + \beta_{2} \ast \mathit{age} + \beta_{3} \ast \mathit{sex} + \beta_{4} \ast \mathit{duration}$$where Y = 1 represents the non-survival group, Y = 0 represents the survival group, and covariables included age, sex, and duration. The indexes included those significantly different between the two groups.

To investigate whether these indexes that differ significantly between the two groups could accurately predict probabilities (on the logit scale) of death, we used 5-fold cross-validation (CV) logistic regression to determine the prediction ability of each index. The prediction performance including accuracy, sensitivity, specificity, precision rate, recall rate, and F1 score, were computed to quantify the predictive ability of the indicators. The performance measures were averaged across the 5-folds as the final performance metrics. We iterated the entire process described above ten times to avoid a biased selection of the undersampling algorithm. Detailed procedures see the Supplementary Materials.

3. Results {#s0035}
==========

3.1. Descriptive statistics of self-evaluation and lab-examination indexes {#s0040}
--------------------------------------------------------------------------

Of the 192 patients with COVID-19, the mean age was 59.57 ± 16.82, and 124 were male (64.6%). As shown in [Table 1](#t0005){ref-type="table"} , the mean age of the non-survivor group (68.46 ± 11.74) was significantly older than the survival group (56.43 ± 17.25), and the duration between onset and admission to the hospital of non-survivors (21.08 ± 7.82) was longer than that of the other group (7.89 ± 5.33). The most common clinical symptoms were fever (155 patients, 80.7%), cough (134 patients, 69.8%), and chest pain (77 patients, 40.1%), and there is no significant difference between the two groups. However, the percentage of dyspnea in the non-survival group (17 patients, 34.0%) was significantly higher than that in the survival group (22 patients, 15.5%). Moreover, 134 patients (69.8%) had at least one underlying disease which was more obvious in the non-survival group (43 patients, 86%); non-survivors had a higher percentage of the cardiovascular (60.2% vs. 40.8%), cerebrovascular (36.0% vs. 11.3%) and COPD (30.0% vs. 14.8%) diseases than survivors.Table 1Demographics and baseline characteristics of critical patients with COVID-19.Table 1Overall (n = 192)Non-survival (n = 50)Survival (n = 142)p-valueDemography Sex (Male)124 (64.6%)34 (68.0%)90 (63.4%).678 Age (Mean (SD))59.57 (16.82)68.46 (11.74)56.43 (17.25)**\<.001** Duration (Mean (SD))11.33 (8.39)21.08 (7.82)7.89 (5.33)**\<.001**Symptoms -n (%) Fever155 (80.7%)42 (84.0%)113 (79.6%).636 Cough134 (69.8%)38 (76.0%)96 (67.6%).351 Myalgia47 (24.5%)9 (18.0%)38 (26.8%).295 Diarrhea11 (5.7%)5 (10.0%)6 (4.2%).247 Chest-pain77 (40.1%)26 (52.0%)51 (35.9%).068 Dyspnea39 (20.3%)17 (34.0%)22 (15.5%)**.010**Underlying disease -n (%) At least one134 (68.8%)43 (86.0%)89 (62.7%)**\<.001** Digestive12 (6.2%)7 (14.0%)5 (3.5%)**.022** Cardiovascular89 (46.4%)31 (62.0%)58 (40.8%)**.016** Cerebrovascular34 (17.7%)18 (36.0%)16 (11.3%)**\<.001** Hematopathy34 (17.7%)8 (16.0%)26 (18.3%).879 COPD36 (18.8%)15 (30.0%)21 (14.8%)**.031** Chronic-kidney36 (18.8%)7 (14.0%)29 (20.4%).430 Diabetes35 (18.2%)6 (12.0%)29 (20.4%).265[^2]

Regarding laboratory indexes ([Table 2](#t0010){ref-type="table"} ), descriptive statistics using the Wilcoxon test found that compared with survivors, non-survivors had significantly higher indicator values of inflammation or infection-related indicators (CRP; white blood cell counts, WBC; procalcitonin, PCT) and hypercoagulability--related indicators (D-dimer; fibrin degradation product, FDP; prothrombin time, PT). Blood gas analysis and respiratory parameters revealed more obvious hypoxia (lower partial pressure of oxygen \[PO2\] and oxygen saturation \[SO2\]), lactate accumulation (higher lactate \[Lat\]), and respiratory impairment (lower oxygenation index (OI) values) in non-survivors than in the survival group. The levels of albumin (Alb) and lymphocyte counts (LYMPH) were significantly lower, and glutamic oxaloacetic transaminase (AST) and international normalized ratio (INR) were higher in the survival group than in the non-survival group (uncorrected p \< .001).Table 2Descriptive statistic in laboratory indexes between survivors and non-survivorsTable 2Index (Reference range.)Overall (n = 192)^a^Non-survival (n = 50)Survival (n = 142)p-value^b^WBC (4--10 × 10^9^/L)^c^6.50 \[4.57, 9.60\]10.82 \[7.12, 15.46\]5.81 \[4.42, 7.80\]\<.001Hb (120--160 g/L)121.00 \[109.00, 134.00\]124.00 \[111.25, 139.50\]119.50 \[109.00, 131.75\].079PLT (100--400 × 10^9^/L)182.00 \[134.00, 240.50\]146.00 \[108.00, 200.50\]193.50 \[138.00, 247.00\].001LYMPH (0.8--4 × 10^9^/L)0.93 \[0.63, 1.37\]0.57 \[0.39, 0.75\]1.11 \[0.80, 1.46\]\<.001Alb (35--55 g/L)34.00 \[30.90, 37.95\]31.65 \[28.10, 34.08\]34.80 \[32.00, 38.80\]\<.001ALT (0--50 U/L)20.70 \[13.00, 35.20\]22.05 \[15.62, 31.15\]19.00 \[12.00, 37.00\].172AST (0--50 U/L)22.00 \[16.00, 32.15\]31.00 \[22.00, 48.25\]19.00 \[14.00, 27.00\]\<.001TBIL (0--20 umol/L)13.20 \[9.53, 20.50\]16.95 \[11.15, 23.68\]12.40 \[9.00, 19.20\].007Bun (1.7--8.2 mmol/L)5.04 \[3.60, 10.38\]8.88 \[4.93, 13.66\]4.50 \[3.45, 8.31\].001Crea (38--120 umol/L)77.90 \[56.82, 104.88\]89.15 \[73.20, 120.60\]71.10 \[55.00, 97.50\].016UA (204--428 umol/L)259.65 \[194.25, 364.05\]284.30 \[183.25, 383.50\]250.50 \[195.00, 348.93\].407CRP (0--10 mg/L)25.00 \[7.50, 56.50\]68.75 \[45.53, 97.75\]16.10 \[5.15, 34.85\]\<.001PCT (0--0.1 ng/ml)0.10 \[0.05, 0.35\]0.64 \[0.24, 2.45\]0.07 \[0.04, 0.15\]\<.001ESR (0--25 mm/h)39.00 \[20.00, 55.00\]44.00 \[30.00, 62.00\]36.50 \[18.25, 54.00\].036PT (8.6--12 s)11.90 \[11.00, 13.00\]13.00 \[12.10, 14.10\]11.60 \[10.90, 12.43\]\<.001INR (0.8--1.1)1.10 \[1.02, 1.20\]1.18 \[1.11, 1.28\]1.08 \[1.00, 1.16\]\<.001APTT (26--42 s)31.00 \[28.20, 34.50\]29.80 \[27.30, 33.90\]31.40 \[28.40, 34.52\].27D-Dimer (0--243 ng/ml)312.00 \[162.00, 671.00\]851.00 \[328.00, 2981.00\]235.50 \[144.00, 465.75\]\<.001FDP (0--5 μg/ml)2.73 \[0.85, 7.75\]8.09 \[3.47, 34.41\]2.10 \[0.20, 3.68\]\<.001Fib (1.9--4.6 g/L)3.90 \[3.30, 4.60\]4.20 \[3.40, 5.10\]3.75 \[3.20, 4.60\].1pH (7.35--7.45)7.40 \[7.30, 7.43\]7.39 \[7.21, 7.46\]7.40 \[7.35, 7.42\].103PCO~2~ (mmHg)39.00 \[35.00, 44.00\]38.00 \[31.00, 57.00\]39.00 \[35.00, 43.00\].617PO~2~ (mmHg)68.00 \[56.75, 82.25\]56.95 \[42.03, 67.38\]72.00 \[60.00, 87.50\]\<.001SO~2~ (95--98%)94.00 \[88.75, 98.00\]88.30 \[80.00, 95.33\]95.00 \[91.00, 98.00\]\<.001Lat (0.18-3 mmol/L)2.10 \[1.50, 2.80\]2.65 \[1.90, 3.88\]1.90 \[1.50, 2.50\]\<.001K^+^(3.8--5.4 mmol/L)4.00 \[3.40, 4.50\]3.97 \[3.20, 4.76\]4.00 \[3.50, 4.42\].886Na^+^(135--148 mmol/L)139.00 \[136.00, 143.00\]141.25 \[137.22, 146.00\]138.40 \[135.20, 142.00\].002Ca^2+^ (2.25--3 mmol/L)2.03 \[1.95, 2.11\]1.95 \[1.76, 2.08\]2.06 \[1.99, 2.13\].001BG (3.9--11.1 mmol/L)9.30 \[7.30, 11.11\]9.80 \[7.50, 12.35\]9.10 \[7.30, 10.65\].073OI (400--500 mmHg)301.00 \[230.00, 344.25\]245.00 \[200.00, 315.00\]320.00 \[257.00, 356.00\]\<.001[^3]

3.2. Differences in laboratory indices between non-survivors and survivors {#s0045}
--------------------------------------------------------------------------

Using quantile regression with τ = 0.1, 0.3, 0.5, 0.7, 0.9, we found that there were significant differences (P~*FDR*~ \< 0.05) in some indicators between the two groups after adjusting sex, age, duration and underlying diseases ([Figure 2](#f0010){ref-type="fig"}(A)). Specifically, compared with survivors, individuals in the non-survival group demonstrated significantly lower indicator values in Ca2+ at quantile 0.5 (β = −0.54), pH at quantile 0.1 (β = −1.77) and SO2 at quantile 0.3 (β = −1.19), while significantly higher indicator values in AST at quantile 0.5 (β = 0.68), BG at quantile 0.9 (β = 1.71), CRP at quantile 0.3--0.9 (β = 1.32, 1.50, 1.73, 2.05), FDP at quantile 0.9 (β = 3.64), PCO2 (β = 2.31) at quantile 0.9, WBC at quantile 0.9 (β = 2.19) ([Figure 2](#f0010){ref-type="fig"}(A), Table S2). Univariate QS effect sizes of these indicators are shown in [Figure 2](#f0010){ref-type="fig"}(B) and Table S3. QS effect sizes were big and significant in AST, CRP, SO2 and WBC (p \< .05) and trended towards significance in BG, Ca, and FDP (p \< .1).Fig. 2(A) Beta weights of laboratory indicators that differed significantly between the two groups. (B) QS effect size of the significant indicators. Significant QS values indicate that we can reject the null hypothesis of equal distribution. QS values indicate the quantile to which the distribution has shifted from the population median (0.5). (C) The odds ratio of death by laboratory indicators: Single-index Models. "High" represented odds ratio of death by indicator values more than reference range, "Low" was similar meaning. (D) The average predictive power of indicators across 10 iterations. To be more cautious and clinically significant, subjects with a probability of fatality of more than 0.3 were deemed non-survivors in the prediction procedures.Fig. 2

3.3. Results of the logistic regression {#s0050}
---------------------------------------

Logistic regression revealed that, after controlling for sex and duration (time from onset to admission), each additional year of age at admission was associated with a 9% increase in the odds of death (OR: 1.09). After controlling for sex and age, each additional day\'s duration before hospital admission was associated with a 33% increase in the odds of death (OR: 1.33); the gender effect was not significant (see [Figure 2](#f0010){ref-type="fig"}(C), Table S4 for more information). Single-index logistic regression demonstrated that increased odds of in-hospital death were associated with higher AST (OR: 4.2), BG (OR: 5.11), CRP (OR: 205.97), and WBC (OR: 7.82), and with lower PCO2 (OR: 4.68) and pH (OR: 10.35), while controlling for age, sex, and duration. Significance for these analyses was determined at a threshold of p \< .05, as these were post hoc analyses and included those indicators determined to be significant after FDR correction. Further correction for multiple comparisons also may have a greater public health risk of a type 2 error \[[@bb0070]\].

Next, we examined whether these discrepant indexes could predict the probability of fatality using 5-fold CV logistic regression. To be more cautious and clinically significant, subjects with a probability of fatality of more than 0.3 were deemed non-survivors in the prediction procedures. The results suggested that, over the 10 under-sampling iterations, these indicators predicted probability of death with a mean accuracy of more than 81%, mean sensitivity more than 90%, and mean specificity more than 72.8% ([Figure 2](#f0010){ref-type="fig"}(D), Table S5), in which CRP had an optimal predictive ability with an accuracy of 93.2%, sensitivity of 94.2%, and specificity of 92.2%.

4. Discussion {#s0055}
=============

In this retrospective study, we focused on identifying and quantifying the relationship between fatality and laboratory indicators for 192 critical patients with COVID-19, using robust statistical methods including quantile regression and QS effect size. Several laboratory indexes were identified which provided reliable information on mortality in critically ill patients with COVID-19, which might help improve clinical prediction and treatment at an early stage.

Critically ill older patients have a higher fatality rate, as confirmed by our data \[[@bb0020],[@bb0075]\]. The mean duration of non-survivors (\~21 days) from onset to admission was 13 days much longer than survivors (\~8 days) and each additional day was associated with a 33% increase in odds of death, indicating that early detection and early treatment are vital to reduce the case fatality rate of critically ill patients. Although there was no significant sex difference in fatality among critical patients, recent literature has pointed out that there may be sex differences in the susceptibility and disease progression of patients with COVID-19 \[[@bb0080]\]. Therefore, we included sex as a covariate to consider more general situations. From the perspective of clinical symptoms, fever, cough, and chest pain were the most common symptoms in patients with COVID-19, consistent with the general symptoms of viral infection and pneumonia. Dyspnea was more prevalent in non-surviving patients, which might reflect impaired respiratory function and the severity of lung lesions caused by infection or inflammation \[[@bb0035]\]. Moreover, the presence of underlying diseases can be seen among many critical patients, especially, digestive, cardiovascular, cerebrovascular and COPD diseases were more prevalent in the dead patients, which might greatly increase the vulnerability of critical patients when faced with COVID-19.

In addition to performing Wilcoxon tests for comparing laboratory variables, which discovered 14 (/30) significantly different indexes (P~*uncorrected*~ \< 0.001) using comparative statistics between the dead and survivors ([Table 2](#t0010){ref-type="table"}), we conducted quantile regressions with τ = 0.1, 0.3, 0.5, 0.7, 0.9 to more comprehensively capture data information and generate general conclusions. CRP, an important inflammation marker, was a prominent feature in our findings. CRP had consistently and significantly higher values in non-survivors than survivors among 0.3, 0.5, 0.7, 0.9 quantiles, with a considerable QS effect size of 0.835, and were significantly associated with a higher mortality risk (OR: \~206). Previous studies showed normal or slightly elevated CRP levels in the mildly ill patients \[[@bb0085],[@bb0090]\] but, in our findings, most of critically ill patients (71.9%) had higher CRP levels with a median value of 25 mg/L, especially in the non-survival group with an abnormal of 98% and median values of 68.75 mg/L, which informs the severity of illness and thus prognosis. Similarly, CRP was also deemed a crucial factor contributing to the pulmonary pathology severity triggered by viral infection \[[@bb0095]\], such as H1N1 \[[@bb0040]\], H7N9 \[[@bb0100]\] and SARS \[[@bb0105]\]. Moreover, CRP was found to be the largest contributory factor among all lab-examination indexes in another analysis that used machine learning and distinguished between the two groups (non-survivor and survivors) (revision under review). Taken together, the substantial and consistent difference in CRP between the two groups, plus the high OR values associated with death indicate[s]{.ul} that it might be a reliable biomarker of disease severity.

Increased WBC counts, AST, and reduced blood gas observations (pH, SO2,) were also noteworthy features. While normal or decreased WBC count was observed in mildly ill patients \[[@bb0110]\] or most survivors of critical illness (5.81 \[4.42, 7.80\]), increased WBC count was found in non-survivors with a critical illness (10.82 \[7.12, 15.46\]) and correlated with higher odds of death (OR: 7.82), suggesting that comorbid bacterial or fungal infection might have occurred in these deceased patients. This was consistent with our clinical observations and some reports of other viral diseases. In critically ill patients with the Middle East respiratory syndrome (MERS), 18% had bacterial coinfections \[[@bb0115]\]. Viral-bacterial coinfections in the respiratory tract increase mortality and morbidity in children and adults \[[@bb0120], [@bb0125], [@bb0130]\]. As mentioned in a previous study, nearly 100% of COVID patients who died in the ICU had sepsis \[[@bb0020]\] The death of the non-survivors who tended to suffer from severe coinfection may be due to the need for invasive treatments such as tracheal intubation, tracheotomy or urinary tract intubation-assisted treatment. In addition, many critically ill patients had to receive a high dose of glucocorticoid treatment to suppress cytokine storm and so were then at a high risk of glucocorticoid-related secondary infections, some even developed sepsis. Previous literature has indicated acute liver damage was more frequent in COVID-19 patients than in other pneumonia patients \[[@bb0135]\] and patients with severe COVID-19 seem to have higher rates of liver dysfunction \[[@bb0140],[@bb0145]\]. Huang et al. (2020) suggested that elevation of AST was observed in eight (62%) of 13 patients in the intensive care unit (ICU) compared with seven (25%) of 28 patients who did not require care in the ICU \[[@bb0150]\], Wang et al. (2020) found that the median AST of ICU patients was 52 (30--70) U/L more than non-ICU patients with 29 (21--38) U/L \[[@bb0015]\]. These findings together with our results, suggests that liver health can be a reliable indicator of disease severity, and close monitoring and evaluation of liver function in critically ill patients should be considered. Reduced pH and SO~2~ often suggest poor prognosis in pulmonary diseases, and are associated with the possibility of rapid progression to acute respiratory distress syndrome, septic shock, uncorrectable metabolic acidosis, coagulation dysfunction and even death.

This study has several limitations. First, this was a retrospective study. While our results identified and quantified risk factors for COVID-19 using robust methods, further cohort study is still needed to confirm our findings. Second, although the sample size of the analysis was close to 200, there is an unbalanced sample size only with 50 non-survivors, which limited the number of covariables used in logistic regression \[[@bb0155]\]. Third, since currently there is no clear method for evaluating multivariate effect size for quantile regressions, we only calculated univariate estimates of QS to quantify the difference \[[@bb0065]\].

In conclusion, while there have been some studies on the risk factors of COVID-19, there are few studies that have comprehensively quantified the association of case fatality and laboratory indexes while adjusting false discovery and controlling for numerous confounders. We found that abnormal values of CRP, WBC, AST, pH, SO2, etc. associated with a higher risk of fatality, and suggest that, for those with abnormal values at these indexes, especially for CRP, close monitoring and early intervention might be very important and could help to reduce mortality.
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[^1]: These authors contributed equally to this work.

[^2]: Note. Hypothesis testing was performed for comparing continuous and categorical variables in different outcome groups using independent samples t-test and Chi-squared test, respectively. Duration means time from illness onset to admission.

[^3]: Note. a. All indexes were represented as median \[IQR\] b. Hypothesis testing was performed for comparing continuous using Wilcoxon tests. c. Indexes with p-value \< .001 were shown in bold.
